Abstract. This paper presents an automatic map-based road detection algorithm for spaceborne synthetic aperture radar (SAR) images. Our goal is to find roads in a SAR image with subpixel accuracy with the help of a digital map. There are location errors between the digital map and the geocoded SAR image, which are about 20 to 30 pixels, and we adopt a coarse-to-fine strategy to reduce it. In the coarse matching step, we roughly find the locations of roads by a simple search using water areas or a generalized Hough transform based on digital map information. The fine matching step detects roads accurately by using the active contour model (snake). The input of the snake operation is the potential field constructed from the extracted ridges or ravines of curvilinear structures in the SAR image. Experimental results show that our algorithm detects roads with average error of less than one pixel.
Introduction
Since extracting linear features, including roads, railroads, and rivers, from satellite or aerial imagery is important for many applications, especially in the area of photogrammetry and remote sensing tasks, much research has been carried out on this topic since the 1970s. 1 To detect roads, Fischler et al. 2 have used two types of detectors-type I, which is a detector without false alarms, and type II, which is a detector without misdetections-and combined their responses using dynamic programming. Merlet and Zerubia 3 detected lines by using an extended F* algorithm based on dynamic programming. They defined unique cost functions, which combine contrast, graylevel, and curvature information, by mathematical formulation of the F* algorithm of Fischler. McKeown and Denlinger 4 proposed a road-tracking algorithm for aerial images that alternatively relied on road texture correlation and road edge following. This algorithm is semiautomatic in that an operator needs only to select the initial point and the direction for tracking. Gruen and Li 5 also proposed a semiautomatic road extraction algorithm for aerial images. They used the least-squares B-spline snakes ͑LSB-snakes͒ algorithm in multiimage mode, which provided a robust and mathematically sound 3-D approach.
Barzohar and Cooper 6 presented an automated approach to find main roads in aerial images, where geometricprobabilistic models were first built for road image generation and then roads were found from it by maximum a posteriori probability ͑MAP͒ estimation. Bordes et al. 7 also constructed an automatic road extraction system; however, their system used an existing cartographic database as a guide for road extraction from aerial images. The database was used to generate road hypotheses, which constrain road extraction in the image. Tupin et al. 8 proposed a nearly automatic detection algorithm for linear structures like main axes in road networks. They presented two local line detectors as well as a method for fusing information from these detectors to get segments. The real roads were identified among the segment candidates by defining a Markov random field ͑MRF͒ on a set of segments.
The approach proposed in this paper also detects roads in spaceborne SAR images as in Ref. 8 , and moreover, subpixel accuracy on average detection error is obtained. Unlike the methods in Refs. 4 and 5, which require user intervention, our algorithm is automatic because it uses digital map information and is based on a coarse-to-fine, two-step matching process. The resolutions of spaceborne SAR images are about 30 m, which is lower than those of airborne SAR images. Unlike optical images, geometric distortions such as layover and shadow sometimes causes problems in finding roads in SAR images. Therefore, most of the research on image understanding and analysis of spaceborne SAR images has focused on studies such as segmentation and classification, which mainly deal with large areas. Recently, research on coastline detection 9, 10 has also been reported; however, a coastline is a more outstanding feature than a road because sea areas touching land areas are relatively homogeneous.
Due to the problems mentioned above, it is not easy to detect roads by using only information from spaceborne SAR images. Therefore, we have adopted the concept of data fusion 11 for the road detection problem. That is to say, we detect roads in SAR images based on the information of digital maps, which are one of the nonsensor types of data, such as tables, graphs, maps ͑natural and cultural features͒, and 3-D physical models ͑terrain elevation maps͒.
In the proposed method, we detect roads in a SAR image based on digital map information. But common digital maps have location errors, so there can be inaccuracies of about 20 to 30 pixels between roads in the SAR image and those extracted from the digital map. Hence, coarse matching between a SAR image and a digital map should be done so that the two data are registered within a few pixels. To roughly match two data, we apply one of two methods. In the regions that contain large water areas like lakes, we simply use water areas extracted from the two data. In other regions, we apply the generalized Hough transform ͑gHT͒ method, a model-based object recognition algorithm, to our coarse-matching problem.
In this paper, roads are regarded as curvilinear structures, often simply called lines with width. Hence, ridges or ravines of these structures are extracted first in SAR images. From these ridges and ravines a field called the potential field is constructed. The potential field has the property of providing a surface that is smoother than the curvilinear structure extracted. After the potential field is constructed from extracted curvilinear structures, we finally detect roads by using the active contour model ͑snake͒, 12, 13 minimizing the energy of a snake in the potential field with average error of about 6 m, which is less than 1 pixel in a 16-m-pixel-spacing image. We have applied our road detection algorithm to geocoded 14 images from the ERS-1 SAR data and some sample images from the RADARSAT map image data. Figure 1 presents the overall flow of our road detection algorithm.
The outline of this paper is as follows. Section 2 describes the preprocessing step, including speckle reduction and coarse matching. In Sec. 3, the methods of extracting the curvilinear structures and constructing the potential field are explained. Section 4 presents the basic concepts of the active contour model and the procedure for applying such a model to our road detection problem by newly defining the energy of a snake. In Sec. 5 the detected results are given and errors are analyzed. Finally, Sec. 6 concludes this paper.
Preprocessing
As mentioned above, the inputs of the proposed method are the geocoded images from ERS-1 SAR PRI ͑precision͒ data and some samples from the RADARSAT-1 map image data, which can be also regarded as geocoded. Geocoding is the process of resampling the image data into a specific output image format, namely, a uniform earth-fixed grid, which typically is a standard map projection. Hence pixels of the geocoded image are mapped into their real positions; however, pixel locations may not coincide with true positions due to errors of the geocoding algorithm or due to location errors of the digital maps. Therefore, when a geocoded SAR image and corresponding digital map are overlaid, they show a gap of about 20 to 30 pixels.
Reduction of Speckles
Speckles appearing in SAR images are caused by the coherent processing of radar signals. The presence of speckles in an image reduces the ability to detect fine details such as roads and bridges. Therefore, many approaches have been proposed to suppress speckles. To reduce speckles we use the sigma filter developed by Lee, 15, 16 because it suppresses speckles with the least amount of blurring of edges and fine details, and because it is computationally efficient. The result of the sigma filtering of a SAR image is given in Fig. 2 . Here, a road to be detected is presented as thin, long structure ͑white arrows͒ and is hardly blurred after the sigma filtering. This road is a highway with a width of about 20 m, which is presented as a structure with a width of about 1 or 2 pixels in the spaceborne SAR image.
Coarse Matching
The geocoded SAR images usually show pixel location errors due to various causes, which can be assumed to be only translational. Also, digital maps usually have nonnegligible location errors, though their magnitudes greatly depend on the qualities of the maps. To detect roads correctly in images based on such digital maps we need to compensate for these translational errors.
Two methods can be used for coarse matching. In regions with fairly large bodies of water, we directly use such bodies extracted from digital maps and the SAR images of the same regions. Since bodies of water in SAR images have low gray values and are relatively homogeneous, they can be extracted by a simple thresholding followed by morphological operations. Also, large bodies of water can be found accurately in color-coded digital maps by using the color information. After the morphological operations they are AND-operated at each position in the search region to find the maximum-valued offset. The translation error can then easily be compensated using this offset value. Figure 3 shows the result of coarse matching for a region with a large body of water, where the white and bright gray parts represent bodies of water extracted from the SAR image and the digital map, respectively. The dark gray shows the overlaid region of those two areas.
In regions without a large body of water, the gHT method 17 is used for coarse matching, as shown in Fig. 4 . This method is divided into two major phases, namely, the model representation or learning phase and the matching phase. In the learning phase, the road model is extracted from the digital map and is approximated as a set of piecewise linear segments by polygonal approximation. 18 Then, using all the points on the road model, a In the matching phase, as an input scene we use an image composed of curvilinear structures extracted from the geocoded SAR image. ͑Curvilinear structure extraction is explained in detail in Sec. 3.͒ These structures are also approximated as piecewise linear segments. For each point on these segments the possible positions of the reference point are voted on by using the displacements recorded in the R-table entry indexed by the slopes of the piecewise . Then the translation between the reference points of the model and the scene is obtained, and by compensating by this amount the coarse matching step can be accomplished. When determining the position of the scene reference point, we can limit the range of the translation because we know the maximum translation allowed between the digital map and the geocoded SAR image based on the range of location errors of the two data. Hence, if the voting result is out of this range, we should determine the point with the next largest number of votes as the scene reference point. If necessary, this procedure can be repeated. In this paper, we do coarse matching by gHT, using only the road extracted from a digital map. However, for coarse matching it is possible to use other features such as rivers, coastlines, bridges, etc. Figure 5 shows the result of coarse matching for a region without a large body of water. In this figure, the thick line is the road model extracted from the digital map, and the other curve segments are curvilinear structures extracted from the geocoded SAR image. As can be seen, before coarse matching there exists a large translation error of approximately 20 to 30 pixels between the roads from the digital map and the SAR image. After the coarse matching step by the gHT method, the translation error between the two is compensated so that it is now only a few pixels.
Though two methods can be applied to coarse matching, the method using the gHT is more general because the method using bodies of water cannot cope with the seasonal variations and is inefficient and error-prone in mountainous areas, which have large translational errors and local deformations depending on the local altitude. The gHTbased coarse matching scheme worked well in our experimental images, which contain roads in mountaineous areas. This is because the global shapes of roads in SAR images will not be very different from those in the maps if the elevations of the roads do not change rapidly.
Curvilinear Structures and the Potential Field

Extraction of Curvilinear Structures
Extracting curvilinear structures from digital images is an important low-level operation in computer vision that has many applications. In photogrammetric and remote sensing tasks it can be used to extract linear features, including roads, railroads, or rivers, from satellite or low-resolution aerial imagery.
A ridge is a long narrow raised portion of a surface, such as the top of a range of mountains or of a sloping roof, where the two sloping surfaces meet. A ravine can be regarded as a negative ridge, which is a deep narrow valley with steep sides. Since roads are darker than their neighborhoods in SAR images, they can be modeled as ravines. As ravines are negated forms of ridges and extraction methods of ridges and ravines have little difference, we will regard the roads as ridge structures. The curvilinear structures of the ridges or ravines are extracted by locally approximating the image function by the first derivatives and the second derivatives ͑Hessian matrix͒ calculated at each pixel. The direction of the line is determined from the Hessian matrix, and line points are then found by selecting pixels that have zero first directional derivatives and have high second directional derivatives perpendicular to the line direction. In this paper, to extract curvilinear structures we use Steger's approach 19 and choose the parameter values 1.0 for the standard deviation of the Gaussian kernel, 13 for the upper threshold, and 3.5 for the lower threshold for the second derivative in hysteresis thresholding. 20 Figure 6 displays the results that were detected with these parameters.
Construction of the Potential Field
From the extracted curvilinear structures, we construct the potential field, which will be used as the input of the snake operation to detect roads. The principle of constructing the potential field is to emphasize the positions of ridges, i.e., to make the field stronger in those positions, because pixels declared to be on ridges are more probable road points than their neighboring pixels. We also take into consideration the fact that, in general, roads in SAR images appear darker than their surroundings.
As shown in Fig. 7 , to calculate the potential value of a pixel at position (x,y), P(x,y), we consider all ridge pixels in a predefined mask. The equation for calculating that value is expressed as follows:
where N is the number of extracted ridge pixels in the mask, G i is the gray level of the SAR image at the position of the i'th ridge pixel, and R i is the Euclidean distance from the center pixel of the mask to the i'th ridge pixel. We use R i ϩ1 instead of R i in order to make the denominator nonzero when a ridge pixel is located at the center of the mask. After calculating the potential values at all positions, we finally obtain the potential field by negating these values, where ''negating'' means subtracting the calculated values from the maximum gray level ͑255͒. Therefore, ridge pixels have smaller values in the constructed field than other pixels do. Notice that as the center pixel gets closer to the ridge pixels and as the gray levels at the ridge positions decrease, the potential value at the center pixel decreases. The positioning accuracy of Eq. ͑1͒ can be determined from the errors between the positions of curvilinear structures and the positions of local minima around them in the potential field. We analyzed its accuracy at 70 points Jeon, Jang, and Hong: Map-based road detection . . . sampled on curvilinear structures in the experimental images. Among the 70 points, the total error is 17 pixels, and this corresponds to an average positioning error of 0.243 pixels. To verify that this step is beneficial despite this additional error, we used a method that detects roads directly in SAR images without using the potential field of Eq. ͑1͒. The average detection error was 0.711 pixels ͑11.376 m͒, and the detection rate was 83.3%. Compared with this result, our algorithm adopting the concept of potential field obtained a more accurate result, with an average detection error of 0.383 pixels ͑6.128 m͒ and a detection rate of 85.2%. Although the equation constructing the potential field has an average positioning error of about 0.2 pixels, we can detect roads more accurately by using it.
The potential field is also affected by the mask size. If the mask size is too large, we cannot obtain a field adequate for road detection, because the larger the mask size is, the smoother the potential field is. Therefore, potential values at the road positions are not easily distinguishable from values at their neighbors. On the other hand, if the mask size is too small, the resulting field is likely to be more sensitive to noise. Figure 8 shows a potential field constructed from the extracted curvilinear structures of Fig. 6 , for which we used a mask of size 11ϫ11. Figure 9 shows the 3-D plots of a sample portion of a SAR image containing a road and the potential field data. ͓The SAR and the potential field images themselves are shown in the small rectangles in ͑a͒ and ͑b͒.͔ As can be seen in Fig. 9 , while the speckle-reduced SAR image still contains many speckles, the potential field obtained is much smoother, so that road detection by applying the snake operation can obtain accurate results.
Fine Matching by Snakes
We can now make the assumption that the SAR image and the digital map have been roughly aligned to within a few pixels by the coarse matching step. In the fine matching step, we detect roads by minimizing the energy of the snake initialized at the location determined in the coarse matching step. We adopt Lai's snake model, the generalized snake ͑g-snake͒ model, 13 to detect roads in the potential field. The active contour model ͑snake͒ is a controlledcontinuity spline under the influence of internal and external forces. The internal spline forces serve to impose piecewise smoothness constraints, and the external forces push the snake toward salient image features like lines, edges, and subjective contours. The total energy of the snake is defined as the sum of internal and external energies:
where n denotes the total number of points in a snake and v i the position of its i'th point. Lai proposed a contour model based on a stable and regenerative shape matrix and defined internal energy, allowing for incorporation of prior models to create bias towards a particular type of contour. We use Lai's contour model and its internal energy without modification, but define a new external energy by using the characteristics of roads in the potential field. The new external energy utilizes the fact that pixels on roads have lower values than their neighboring pixels in the potential field. The diagram and mathematical definitions for calculating the external energy at a snake point v i are given in Fig.  10 and Eqs. ͑3͒ to ͑6͒, respectively: Jeon, Jang, and Hong: Map-based road detection . . .
where P(v) is the potential value at the point v, P const plays the role of normalizing potential values ͑and can simply be chosen as the maximum gray value, 255͒, and the w i,k 's are the positions of all the points within a distance K of the point v i in the direction t i ͑for a total of 2Kϩ1 points͒. The energy minimization process is iterated by compensating for the difference in centers of gravity between the minimized road contour and the initial contour. If there is no difference in centers of gravity between iterations or if the maximum number of iterations ͑here, five͒ are completed, the energy minimization process is finished. Then the results are verified by referencing the external energy of the snake. If a point on the resulting snake has a high external energy, it is probably wrong, because the external energy must be low at a road point. Hence, a point with an external energy larger than a threshold is replaced with one obtained by interpolating its neighboring points that are correctly declared to be on a road.
Experimental Results
To test our road detection algorithm we selected some sample regions of Korea in the ERS-1 and the RADARSAT-1 images. The experimental results are shown in Figs. 11, 12, and 13, which include mountainous and plain areas around cities. In the figures, ϩ marks indicate the initial snake points, the interval of which is 10 pixels, and square marks the detected points of roads with external energy lower ͑͒ or higher ͑ᮀ͒ than the userspecified threshold. Note that, as can be seen in Fig. 12 , even though there is a somewhat large discrepancy of initial points from the true road positions, our algorithm can detect roads accurately. As mentioned before, points with high external energy are obtained by interpolating their adjacent points that are determined to be on a road. In Table 1 , the performance analysis results of the road detection algorithm proposed in this paper are given. By applying our algorithm to the test images shown in Figs. 11, 12, and 13 we detected a total of 371 road points, where a road point means a control point of the snake after minimization. The proposed method detects points on a road around initial control points of the snake by minimizing its energy. Each initial control point is given by sampling the road extracted from the coarsely matched digital map. The errors are defined as the minimum Euclidean distances in pixels between detected points and true points manually determined on the road in SAR images, and the average error is the total of errors divided by the total number of road points. In our method, the digital map is used to initialize the snake, but not used as a reference for the performance analysis. As can be seen in the table, the proposed algorithm detects roads in the spaceborne SAR images with an accuracy of 85.2% ͑correct detections of 316 points͒, and with an average error of 0.383 pixels, which corresponds to 6.128 m. Note that the case of E ext уE T is the main source of the error contributing to the average error of our algorithm. This is because points of high external energy are obtained by interpolating their adjacent points with low external energy. Concerning the performance of road detection, it can be asserted that our algorithm should accurately detect roads in spaceborne SAR images with average error accuracy of less than one pixel.
Conclusions
In this paper, an automatic road detection method has been proposed for spaceborne SAR images with average error of less than one pixel. Our method is a coarse-to-fine two-step algorithm, which utilizes information from digital maps in each stage. Using large bodies of water or the generalized Hough transform, road positions are coarsely determined, and then the fine matching operation is applied, aiming for subpixel accuracy. This operation is based on extraction of curvilinear structures and construction of a smooth potential field from the extracted curvilinear structures. Roads are finally detected in this field by minimizing the energy of a snake. Though the proposed method has achieved high accuracy, performance can be further improved by finding the best way to deal with snake points with high external energy. At present, positions of points with high external energy are recalculated by interpolating their adjacent points with low external energy, and this is the main source of the error in our detection algorithm.
It seems that the proposed method has many parameters to be tuned; however, most of them do not affect the detection performance of our method very much, and only a few parameters, such as the three thresholds in Steger's curvilinear structure extraction and the mask size of the potential field, are important. These parameters give users the ability to select properties such as the widths and the number of curvilinear structures to be extracted and the smoothing level of the potential field. Our method can be thought of as semiautomatic in that we use the map information to detect roads. Although the proposed method is not fully automatic, it can detect roads straightforwardly and automatically using only the SAR image and the digital map as input data. For future work, we will develop a fully automatic non-map-based road detection method.
Aside from the military applications, our road detection method has practical civilian applications in updating maps at a specific scale. In this paper we detect highways in low resolution images of about 30 m; however, if we obtain images with higher resolution, we will be able to detect smaller roads by the same algorithm. Then, by combining the information on all these detected roads, we can update a map more accurately. In our experiments, we use digital maps with a pixel spacing of 16 m and a scale of 1 : 100,000, and the SAR images were geocoded to this scale so that we could utilize and update the map information. 
